A difficult problem in imaging systems is degradation of images caused by motion. This problem is common when the imaging system is in moving vehicles such as tanks or planes and even when the camera is held by human hands. For correct restoration of the degraded image we need to know the point spread function (PSF) of the blurring system. In this paper we propose a method to identify important parameters with which to characterize the PSF of the blur, given only the blurred image itself. A first step of this method has been suggested in a former paper where only the blur extent parameter was considered. The identification method here is based on the concept that image characteristics along the direction of motion are different than the characteristics in other directions. Depending on the PSF shape, the homogeneity and the smoothness of the blurred image in the motion direction are higher than in other directions. Furthermore, in the motion direction correlation exists between the pixels forming the blur of the original unblurred objects. The method proposed here identifies the direction and the extent of the PSF of the blur and evaluates its shape which depends on the type of motion during the exposure. Correct identification of the PSF parameters permits fast high resolution restoration of the blurred image.
INTRODUCTION
The quality and reliability of the image restoration process is usually based on the accuracy of information concerning the degradation process. The estimation of a correct PSF of a motionblurred image is an important step in the restoration process.
For a given ideal picturefl'x,y), the corresponding degraded picture g(x,y) is often modeled as g(x, y) = ii h(x -x' , y -y' )f(x' , y )dx' dy' +n(x, y) (1) where h(x,y) is a linear shift-invariant PSF and n(x,y) is random noise. Blur identification methods can be classified to two types, in one type the blur identification process is combined with a restoration process and in the other type the identification process is performed separately.
Early approaches for identification of the blur1'2 concern the type whereby identification is performed in separate to the restoration process. These approaches are usually more simple and include less computational requirements. A possible case for such approaches occur when it is known a priori that a certain portion of the degraded picture is the image of a point, line or edge in the original picture, but these cases are often not available in real-world images. The earliest method for blur titi2 where no specific knowledge about the original image was assumed dealt with the case of uniform linear motion blur that is described by a square pulse PSF and used its property of periodic zeros in the spectral domain of the blurred image. These zeros were emphasized in the cepstral domain and the blur extent was estimated by measuring the separations between these zeros. The assumption of zeros in the spectral domain is not satisfied in various cases of motion degradation such as accelerated ti3'4 and low frequency .
The more recent developments on blur identification [6] [7] [8] [9] relate the identification process with the restoration process. These methods are more complicated and require more computations. Restoration results are criterion based and blur parameters can be corrected until each criterion is satisfied. Therefore, more blur types can be considered. The success of these methods depends on the reliability of the original image model. Recent important developments are the maximum . .
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likeithood image and blur identification methods . These methods model the origmal image, the blur, and the noise process. The original image is modeled as a two-dimensional autoregressive (AR) process, and the blur is modeled as a two-dimensional linear system with finite impulse response. A maximum likelihood estimation is used for identification of the image and blur parameters. The identification of the blur model parameters is incorporated into the restoration algorithm and requires many computations. Another new blur identification uses an estimation of the original image power spectrum (an expected value). The PSF estimate is chosen from a collection of candidate PSFs to provide the best match between the restoration residual power spectrum and the expected residual spectrum given that the candidate PSF is the true PSF.
In this paper we develop a new method to identify the blur parameters in a motion-blurred image given the blurred image. Based on investigation of the motion blurring effects on the image, blur properties such as direction, extent and shape estimation are extracted from the blurred image. The method proposed here does not relate the identification process to the restoration process. The identification process in Cannon's approach2 is also performed separately from the restoration process but the method we propose includes very different steps to suppress the effects of the original image and to enhance the effects of the blur on the identification result. Blurring effects are investigated in the spatial domain and more information about the PSF shape can be extracted. In cases where the identified parameters can complete the knowledge about the blur properties, image restoration can be accomplished.
In Section 2 of this paper we present the blur parameters identification method followed by a formulation of the method and a brief step-by-step summary. In Section 3 the capability of the method is discussed and experimental results for real motion blurred images are presented in Section 4. A summary and conclusions are provided in Section 5.
IDENTIFICATION OF BLUR PARAMETERS
In this section we propose a method using the blurred image for identifying parameters of the blur caused by motion. A characterization of the blur effect and a method for identification of the blur extent parameter assuming the blur direction is known were presented in ref. 10 . First we will briefly describe here the blur effect in the spatial domain and the blur extent identification method.
A preprocessing stage for low noise situations is described afterwards. According to the characterization of the blur effect, we present in the third sub-section a method for identifying the blur direction in the image and then we describe an evaluation of the PSF shape from the 271 identification result. In the last sub-section a formulation of the method and a summarizing algorithm are presented.
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Identification of the blur extent
As a result of motion, points in the original image are smeared opposite to the direction of camera motion. The smearing tracks of the points determine the PSF in the blurred image. For many motion types the smearing can be described as homogenous tracks of the imaged objects. These tracks are the smears of the objects caused by the motion. When the objects are distinct from their background the smears can look like distinct tracks. When the motion is caused by the target the smear is in the direction of the target motion.
For an evaluation of the homogeneity of these tracks a relative homogeneity of a smear track of an image point was defined as the ratio .i., where d2 is the maximum difference between two d2 adjacent pixels inside the track and dl is the minimum difference between the irradiance values of the pixels at the edges of the smear track of the blurred point (the first and the last pixels) and the adjacent pixels outside of the track.. According to this definition, when the relative homogeneity is high, the derivative of a blurred image along the tracks of the smear (i. e., in the motion direction) will suppress the homogeneous area inside the tracks and emphasize their edges. The track derivatives at its edges will usually have opposite signs. As a result of these properties of the image derivative, when a derivative and an autocorrelation function are carried out in the motion direction, a minimum can be expected in the autocorrelation function of the image derivative at a distance of the blur extent from the center of the function.
in the case of a real life image the smear tracks of the points in the motion direction merge into each other. The values of dl and d2 are then different from one smear pixel to the other, since the background surrounding each pixel is different. Therefore, the contribution of each smear to the shape of the autocorrelation function is different. On the other hand the motion blur has the same effect on all the points and, therefore, the effect of the blur on the autocorrelation function is cumulative, while the effect of the image architecture is less meaningful since the different architectures around the image points cause a cancellation of their effects on the autocorrelation function, one by the other. In other words, the shape of the average of the autocorrelation functions of the image derivative lines along the motion direction will resemble the autocorrelation function of the PSF derivative.
The capability of blur extent identification according to location of the global minimum in the autocorrelation function depends on the relative homogeneity of the PSF. The relative homogeneity cannot be measured from the blurred image. In most of the images examined, the condition that relative homogeneity be greater than unity was satisfied fairly well.
Preprocessing for low noise situations
The smearing of boundaries, edges and small objects is distinct from the surrounding background and therefore their contribution to successful blur identification is greater than the contribution of homogenous regions in the image. Since most of the image spectrum power is at low frequencies, i.e., most of the image area consists of homogenous regions, the distinct smearing tracks along the motion direction occupy only a small fraction of the motion blurred image area. A preliminary operation can be done to increase the number of the distinct smearing tracks. Taking a derivative perpendicular to the motion direction will duplicate distinct tracks into the homogenous regions in the image derivative.
This stage improves the clarity of the identification only in cases where the blurred image has low noise (more then 35dB SNR) since it contains an additional derivative operation which magnifies the noise.
Identification ofthe motion direction
The smearing is in the direction of the motion. Therefore, the image derivative and the autocorrelation function should be implemented in this direction. Thus, the first step should be identification of the motion direction relative to the image axis. We assume here that the local statistics of the original image are approximately the same in all directions. In other words, we also assume the autocorrelation function of the original image is approximately the same in all directions. Since the image resolution is decreased in the motion direction, the energy of the image derivative in this direction should be lower than in other directions. In the spatial frequency domain the derivative operation suppresses the low frequency and increases the high frequency contents. Since the blurring effect occurs in the motion direction, the intensity at the low frequencies is increased and the intensity at the high frequencies is decreased in this direction relative to the other directions in the blurred image. Thus, a derivative of the image in this direction should suppress more of the image intensity than in other directions. The intensity of a pixel is represented in the digital image by its gray level value.
Evaluation of the PSF shape
The blurring PSF shape is determined by the type of motion during the exposure. The analytic relation between the PSF and some known motion types such as uniform motion and accelerated motion was presented by
. PSF for sinusoidal motion and a general numerical calculation technique for any type of motion have been presented by ar4".
The resemblance that should appear between the function obtained using the identification method and the autocorrelation function of the derivative of the blurring PSF was briefly explained in Sec. 2.1. In Fig. 2 we can see results of the method for different types of simulated common motion blurs performed on the valley image of Fig. 1. In Figs. 2.al-cl we see the PSFs used to blur the image: (al) -PSF for temporal uniform motion, (bi) -PSF for accelerated motion and (ci) -PSF for high temporal frequency vibrations. Figs. 2.a2-c2 show the autocorrelation functions of the derivatives of these PSFs respectively and figs. 2.a3-c3 present the average of the autocorrelation functions of the blurred image derivative lines for each case. 
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The blurred image derivative and its autocorrelation function are affected by both the original image architecture and the blurring PSF. However, by performing the derivative of the image and by averaging the autocorrelation functions of the lines, influence of image architecture is decreased significantly. In the image derivative the homogenous areas of the image are suppressed while the derivative of the smears of the image objects gives rise to objects in the image derivative that are approximately similar in shape and extent to the derivative of the PSF. The autocorrelation function of the image derivative in the motion direction is then effected mostly by the PSF and less by the original image architecture. 
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Since the smallest element in the digital image is a pixel, is one pixel and we assign j = 1.
Then the horizontal derivative will be:
where f(i + 1, j) indicates the pixel horizontally adjacent to the pixel f(i,j). The derivative in a direction -45 degrees (relative to the positive horizontal direction) is then:
where f(i + 1, j + 1) indicates the adjacent pixel located 45 degrees with respect to the pixel f(i, j). The derivative in the k direction where o k -45 rees i5 then:
where f(i' ,3' ) is a "pixel" in a direction k degrees from the pixel f(i, j) (as illustrated in Fig. 3 ).
The intensity of this pixel is composed of intensities from both f(i + 1, j) and f(i + 1, j + 1)
according to the area from them included in f(j' , J ). For example, in the case of Fig. 3 the intensity of f(j' , J) will be:
I(i' j ) = 1(1 + 1, j) * (1-tan(k)) + I(i + 1, j+1) * tan(k) (6) where J(1 ,/) I(i+1, f) and I(i +1, f +1) symbolize the intensities of f(j' , f(i +1, j) and f(i + 1, j + 1) respectively. The image derivative df(x, y) in this direction will then be a convolution between the image f(x, y) and a derivative operator -1 1-tan(k) (7) df(x,y)
The total intensity of the image derivative J(df) in this direction will be the summation of the intensities of the pixels in df(x, y) 
Summary of the identification method
In the following, we summarize the method for identification of the blur parameters from a motion blurred image f(x, y): a) Motion direction k relative to the image axis is identified by measuring the direction where the total intensity of the image derivative (8) is lowest. b) In cases of images with low noise (SNR higher then 35dB), the blurred image derivative perpendicular to the motion direction (k + 90 is computed according to (7) . ckg rees I c) For relatively noisy images, blurred image derivative df(x, y) in the motion direction k is computed according to (7) . In the case of images with low noise, df(x, y) is computed by implementing (7) (9) where
The results of these steps are the direction of the motion k and the average of the autocorrelation functions of the image derivative lines C(df). The blur extent is the distance between the location of the minimum and the center of C(df ) and the shape of C(df ) characterizes the shape of the PSF in the blurred image.
Although steps (b) and (c) amplify the noise in the image, implementation of the proposed method in a noise situation is facilitated through use of an autocorrelation function for identification since the additive random noise is not correlated.
DISCUSSION
The capability of blur parameters identification depends mainly on the relative homogeneity of the blurred image objects tracks, as described at the beginning of Section 2. The capability of the method is increased when the relative homogeneity of the PSF is higher. In the case of uniform motion, the relative homogeneity dl/d2 of the PSF is infinity, and therefore identification capability is very high. For constant acceleration motion, the relative homogeneity of the PSF is higher when the acceleration is lower and the initial velocity is .
Another common motion blur is sinusoidal motion (vibrations). This motion can be divided into two types: low and high temporal frequency . Vibrations are defined as high frequency when the exposure time is longer than the time period of the vibration, and as low frequency when the exposure time is shorter than the vibration time period. With regard to PSF of high frequency vibrations, dl and d2 are both large, but relative homogeneity is high enough for clear identification of the blur extent.
For low frequency vibrations a large variety of PSF shapes can occur, depending on the portion of the vibration period in which exposure time is included. For each portion of a vibration sine wave, the PSF shape and the blur extent are . The sine wave portion during the exposure is random and therefore the blur extent is also random. The relative homogeneity in this case naturally depends on the portion in which exposure time is included, and the proposed method can identify the blur extent for most of the portions.
IDENTIFICATION RESULTS FOR IMAGES BLURRED BY REAL MOTION
The image in Fig. 4a was blurred by manual motion of the camera. A function of the image derivative intensity (8) in all directions relative to the x -coordinate is presented in Fig. 5a and the minimum appears at 55 degrees. The resulting autocorrelation function presented in Fig. Sb identifies a blur extent of 18 pixels. Fig. 4b show a restoration of the image using a simple Wiener ll 1 according to the identified extent and direction. The PSF in the restoration process was assumed to be a square function of 18 pixel size, corresponding to uniform velocity. The image in Fig. 6a was manually blurred by moving the object. The function in Fig. 7a shows a minimum at zero degrees which notes that the motion blur was in this direction. The resulting autocorrelation function in the motion direction presented in Fig. 7b identifies a blur extent of 26 pixels. A restoration result using a Wiener filter and a square PSF function with the identified extent and direction is presented in Fig. 6a • . 000 
S. SUMMARY AND CONCLUSIONS
A method for identification blur parameters from motion-blurred images is presented. The method proposed here is based on understanding the blur caused by common motion types as homogenous smear tracks of the imaged objects. The capability for correct and clear identification of the blur parameters depends mainly on the relative homogeneity of the objects tracks as determined via the technique described at Section 2.1. When the relative homogeneity of the PSF is greater than unity, a correct identification can be carried out. A step for improvement using prior operation of a derivative perpendicular to the motion direction presented there is highly Since this method does not include an image restoration process with the blur identification process, restored image criteria are not included in identification process considerations. If a criterion-based method for image restoration is to be carried out, the method proposed here can be used to provide the blur parameters with which to begin.
